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Introduction
Globally, about 800 million people are undernourished and about two billion people suffer from micronutrient deficiencies (IFPRI 2017) . Most of these people live in rural areas of developing countries and depend on agriculture for food and income generation (IFPRI 2011; FAO 2015) .
Thus, agriculture can play a central role in improving nutrition (Hawkes & Ruel 2008; Fan & Pandya-Lorch 2012; Ruel et al. 2013) . A growing body of literature tries to understand agriculturenutrition linkages and in particular the pathways through which agriculture can influence nutrition (Malapit et al. 2015; Sibhatu et al. 2015; Carletto et al. 2015; Pandey et al. 2016; Ruel et al. 2018) .
Linking nutrition and agriculture is especially important since obesity, besides undernutrition and micronutrient deficiencies, is becoming prevalent in rural African communities, affecting both men and women (Popkin et al. 2012; Gómez et al. 2013) . One way of making agriculture more nutritionsensitive, is to deliver nutrition information that particularly targets farmers. A possible platform to channel nutrition information to farmers might be the existing agricultural extension systems.
In the extension systems of developing countries, community-based organizations (CBOs) and individuals within CBOs are important target units (Anderson & Feder 2007) . Group-based extension is considered pro-poor, as it can reach women and low educated farmers of East Africa, which are especially vulnerable to poverty (Davis et al. 2012) . Besides that, the rationale of targeting CBOs or key individuals within CBOs it to reduce transaction costs. This is based on the assumption that new information will flow among CBO members, or key individuals will pass on the new information to other group members. Yet, relatively little is known about how exactly information flows within CBOs and between CBO members.
To date, there is little evidence on how agricultural extension services should be designed to combine information on agriculture and nutrition. Women's empowerment can be seen as an important pathway through which development interventions can improve child nutrition (Carletto et al. 2015; Darrouzet-Nardi et al. 2016) . Therefore, nutrition-sensitive programs usually target mothers, households with children, or women groups (De Brauw et al. 2015; Ruel et al. 2018) .
Although women play an important role for agriculture in Sub-Saharan Africa, conventional extension sessions are still predominantly attended by men (Ragasa et al. 2013) . CBOs are often mixed-gender groups and thus could be a useful platform to sensitize both, men and women, on nutrition-related topics. In order to design effective interventions for nutrition-sensitive agriculture, it is however important to understand whether and how nutrition information is exchanged within agricultural information networks.
Previous studies have documented the important role of key persons within networks. Evidence suggests that farmers mostly learn about new technologies from a few progressive farmers, who consequently have a strong impact on project outcomes (Maertens 2017) . In line with this, Kim et al. (2015) find that targeting influential individuals and their friends can help to increase project outreach. Aubel (2012) argued that exclusively training mothers might not be sufficient for better child nutrition outcomes, and instead culturally accepted key persons such as grandmothers should also be targeted. Indeed, very selective targeting of key persons may not be the most effective strategy. Experimental evidence has shown that efficiency in the diffusion of information is lost when farmers focus too much on a few popular individuals (Caria & Fafchamps 2015) . It is thus critical to identify central persons driving information exchange within networks as well as isolated persons who are excluded from such information exchange. Based on such insights, targeting strategies can be developed that maximize the outreach of nutrition-sensitive information distributed through agricultural extension programs.
To be able to assess how information diffuses, it is crucial to have data on the networks' structure, preferably in form of a census. Due to the high costs of census data, such studies are rare, even though they would be especially suited to depict the quality of networks (Smith & Christakis 2008) .
Instead, individual measures are predominantly used to determine social networks in the context of agricultural technology adoption; for example, the number of contacts a farmer reports (Maertens 2017; Murendo et al. 2017; Matuschke & Qaim 2009 agriculture and nutrition information networks, as well as of isolated persons that are excluded from these networks? The rest of the paper is structured as follows. Section two presents the study area and data collection. In section three, we introduce the network measures and estimation strategies employed on CBO, dyadic and individual levels. Section four presents the results, and the final section concludes and derives policy implications.
Context and data
The study was conducted in Kisii and Nyamira County in Kenya. These counties are densely populated, and more than half of the population is mainly employed in the agricultural sector.
Farmers grow maize, beans, bananas, sugar cane, tea, and horticultural crops (KNBS & SID 2013) .
The farming system is characterized as intensive, subsistence, and almost all of the land is under cultivation (Mbuvi et al. 2013) . The majority of the population depends on the produce from small and fragmented pieces of land. Regarding the nutritional status, people in Kisii and Nyamira
Counties are close to the national average, with one-quarter of the children being stunted, which means that they are too short for their age. At the same time, a third of the women of reproductive age are overweight or obese (KNBS 2015) . Against this background, agronomic and nutrition trainings could contribute to an improvement of livelihoods, and Kisii and Nyamira can be considered suitable settings for nutrition-sensitive interventions.
This article builds on data collected on CBO, dyadic, and individual levels in late 2015. CBOs refer to all sorts of membership organizations at the community level, such as credit groups or agricultural groups. CBOs can be divided into groups that have already existed for a long time (customary) or groups that were formed due to a development intervention (World Bank & IFPRI 2010) . In the context of Kenya, the latter play an important role. 1 In the early millennium years, more than 7000 CBOs were founded in the context of the "National Livestock and Extension
Program" (NALEP), which was rolled out in Kisii County among others. The CBOs were formed with the aim to channel extension services through them and were seen as cost-efficient entry points (Cuellar et al. 2006) . In more recent years, the government with support of the World Bank launched the "Kenya Agricultural Productivity Program" (KAPAP) that also builds on CBOs.
CBOs and households were randomly selected in a two-stage procedure. To construct the sampling frame for the selection of CBOs, a non-governmental organization active in the area helped us to compile the list of current groups in Kisii and Nyamira. From this list, 48 CBOs ( ) were randomly sampled with a probability proportionate to the total number of CBOs in each County.
Accordingly, 32 CBOs were selected in Kisii and 16 in Nyamira County. The sampling frame of households was based on the list of group members updated for each of the selected CBOs shortly before the interviews with the help of group leaders. As the sampling frame centers on households, spouses and other household members were removed from the lists resulting in an average group size of 21 members (see Table 3 ). Based on the adjusted group member lists, about 17 households were randomly sampled and interviewed in each of the selected CBOs. We were able to collect full network information from 4 groups and close to full information from two thirds of our groups.
Taking all groups together, more than 80% of group members were interviewed. As a result, our data is nearly equivalent to a census providing the most accurate information for understanding the structure of networks (Hanneman & Riddle 2005) .
On CBO level, we collected data with the help of a semi-structured group level questionnaire. It captured information about the CBOs' purpose and history among others. The questions were answered by one of the CBO's officials. Data on dyadic and individual levels were collected through a household survey using a structured questionnaire that included detailed crop and livestock, nutrition and social network modules. Before data collection, both the CBO level and the household level questionnaires were carefully pretested in the field and adjusted.
The network module was answered by the CBO member and the questions were asked in a dyadic fashion: we asked the respondents to indicate for all members of their CBO whether they talked to each other and whether they shared information on nutrition and agriculture. The respondents were also asked about their relationship towards each other (such as being relatives or friends), whether their plots are located next to each other, as well as questions related to asset sharing and agricultural activities. For all questions, the past 12 months were used as the reference period.
Overall, 815 out of 824 respondents answered the network module. We take our data as directional given that a stated link between member i to member j is not automatically reciprocated. In other words, it is possible that member i states to share information with member j, but j states not to share with i (Wasserman & Faust 1994) . In contrast to most studies that rely on self-reported data and hence undirected network data 2 , directional data allows us to differentiate between prominent group members (being named often) and influential members (persons naming many people) (Hanneman & Riddle 2005) .
Overall, our analyses are performed on three levels: First, on the group level with all 48 CBOs ( ).
Second, our analysis on the dyadic level will be based on 13318 dyads ( ). Third, analyses will be performed on the level of the CBO member. This individual level data set consists of 815 observations ( ).
Network measures and estimation strategy

CBO level analysis: Network structure and overlaps
On group level, we analyze to what extent agricultural and nutrition information is exchanged in CBOs. For that purpose, we explore the structure of agricultural and nutrition information networks in terms of their densities as well as their overlaps. The concept of network density D is associated with the speed with which information is transmitted within groups and can be used as an indicator of the groups' connectedness (Hanneman & Riddle 2005) . Based on Wasserman & Faust (1994) we calculated densities for directed graphs as
where i refers to the group member (node). This also allows us to identify isolates for AGRICULTURE and NUTRITION. Isolates are nodes without any links, and hence these nodes are at risk that new information bypasses them. Therefore, the identification of isolates can be important for network-based interventions (Carrington et al. 2005) . For the analysis of overlaps, we introduce the network MULTIPLEX 3 , which is a binary variable that turns one if a link is at the same time an agricultural and a nutrition link. To further investigate the overlap, we correlate the underlying adjacency matrices for both networks, NUTRITION and AGRICULTURE, for each CBO 4 . The adjacency matrix is a square and binary matrix. The cells record whether a link between two actors exists (Izquierdo & Hanneman 2006 ).
The correlation coefficient equals 1 if both networks match completely, and -1 if they are inverse to each other (Grund 2015) .
Dyadic level analysis: Link formation
On dyadic level, we study the link formation of individuals within CBOs. The dyadic analysis gives insights on the characteristics of individuals who are likely to exchange information on NUTRITION and AGRICULTURE. In a dyadic model, the regressors need to enter the regression in a symmetric fashion. At the same time, standard errors need to be corrected for cross-observation correlation involving similar individuals (Fafchamps & Gubert 2007) . Accounting for these two issues, we apply the grouped dyadic regression model as proposed by Fafchamps & Gubert (2007) .
The approach has more recently been applied by De Weerdt & Fafchamps (2011) , Van den Broeck & Dercon (2011) , and Barr et al. (2015) . The model preserves symmetry and is specified as:
where l ij is a binary variable that equals one if a link between group member i and j exists for network m. The vector s ij captures proximity variables such as both members are female, kinship (social proximity), or members sharing the same plot borders (geographical proximity). The α 1 is a vector of parameters measuring the effects of the proximity variables on link formation for information exchange. The vectors x i and x j refer to characteristics of i and j, respectively, such as age, education, and land size. Parameter vector α 2 measures the effects of differences in characteristics, whereas parameter vector α 3 measures the effects of the sum of characteristics on the dependent variable. ε ijg is the dyadic error term. Due to the complexity of the models, we model the binary dependent variables using linear probability models (LPM) 5 . Summary statistics of variables used in the dyadic regression are presented in Table A1 in the Appendix.
Individual level analysis: Characteristics of central persons and isolates
Network measures
On individual level, we are interested in characterizing central persons and potentially isolated individuals within information networks for agriculture and nutrition. Degrees are common-used measures of network centrality (Wasserman & Faust 1994) . They can be divided into prominent (high in-degrees) and influential persons (high out-degrees) (Hanneman & Riddle 2005) . Based on the data collected about the AGRICULTURE and NUTRITION networks explained above, we construct frequencies of being named (in-degrees) or naming others (out-degree). Following
Jaimovich (2015), we define in-degrees of group member i in CBO g for the information network m
as our proxy for the prominence of a person. The underlying assumption is that high-in-degree persons will be good entry points for development projects since they are the ones others claim to communicate with most often about the topics of interest. It was recently applied by Kim et al. (2015) , who use the in-degree as a measurement of centrality in public health interventions.
Calculating in-degrees is rarely done, since it requires directed network data. Most commonly outdegrees are used as a measure for centrality, since they can also be derived from self-reported data.
Out-degrees represent the number of persons within CBO g that group member i indicates to exchange information with about m. Out-degrees can therefore be used as a proxy for the influence of a person (Hanneman & Riddle 2005) and are defined as
Finally, isolates can be defined based on in-degrees, out-degrees or a combination of both. We apply the most comprehensive definition where ( ) = 1 if (m)=0 and (m)=0, and ( ) = 0 otherwise. Thus, a person is referred to as isolate, if he or she is never named by others and at the same time claims not to share information with any group member on topic m.
Estimation strategy
We expect that the centrality of a group member i in network m is influenced by vectors of individual (I) and household (H) characteristics. The econometric model is specified as 
where ( ) = 1 (m)=0 and (m)=0, and ( ) = 0 otherwise, and is an i.i.d.
error term following a normal distribution. Given the binary nature of the dependent variable, equation (7) is estimated using a linear probability model with group-level fixed effects. In an alternative specification, we replace the group-level fixed effects with a vector G of CBO-level variables in order to understand which underlying factors are captured by the fixed effects. 6 G consists of CBO related variables such as whether the group's main activity is agriculture or whether the group received external support. Table A2 gives an overview of the individual and household level variables included in the Poisson and linear probability models. Information on group-level variables is provided in Table 1 .
Based on previous literature, we derive several hypotheses regarding the expected effects of included covariates. First, persons holding leadership positions are usually well connected, and thus are expected to have higher in-degrees and out-degrees as well as a lower probability of being 6 Results with group-related variables for in-degrees and out-degrees are shown in Ragasa et al. 2013 ). We therefore expect that men are less likely to be excluded from agricultural information networks. In contrast, in nutrition information networks, we expect women to be more central. In the African context, women are responsible for food preparation and for the nutritional status of their family and in particular children. Previous research has found that women spend on average a larger share of their expenditures on food related items (Hoddinott & Haddad 1995) , and that in particular older female family members play an important role in influencing social norms and beliefs within the family, and thus nutrition behavior (Aubel 2012 ). Based on these findings, nutrition-specific programs mostly target women. We therefore expect that women are less likely to be excluded from nutrition information networks.
Results
Results on CBO level: Network structure and overlaps
On CBO level, we are interested in exploring the structure of agricultural and nutrition information networks. Specifically, we want to explore how dense these networks are and to what extent they overlap. Agriculture is an important function of all CBOs in our sample, and they have received agricultural extension at some point in the past. Overall, 52% of the CBOs in our sample indicated that agriculture is their main focus (Table 1) . Other functions of the selected CBOs include savings and credit activities as well as accessing funds or extension services from the government. Almost one-third of the sampled groups (Table 1) were initially formed for the KAPAP program that aimed at increasing agricultural productivity through the delivery of trainings to CBOs. The network densities presented in Table 1 and Figures 1 and 2 provide us with information about the structure of networks. Densities can be interpreted as the share of links formed of all links that could potentially be formed. The high TALK density of 90% on average indicates that most of the interviewed group members talk to each other (Table 1 ). This reflects the fact that our sample consists of relatively small CBOs, whose members know each other and frequently interact. In line with the CBOs' focus on agriculture, we find that agricultural information flows very well within groups: the agricultural information network has an average density of 50% (Table 1) , and everyone is connected (Figure 1 ). In contrast, nutrition information networks are sparse: average density indicates that only 9% of all potential links are formed to exchange nutrition information (Table 1) , and in total 16% of group members are completely isolated from nutrition information exchange within their groups (Figure 2) . Furthermore, the analysis of overlaps between the two networks shows that the nutrition information that is exchanged within the CBOs -even though limited in quantity -mostly flows through agricultural links. Of all links created in the CBOs, the majority are agricultural links (82%), 15% are multiplex links covering both agricultural and nutrition information exchange, and only 3% are pure nutrition links (Figure 3 
Results on dyadic level: Link formation
On CBO level, we observed that 50% of all potential links are formed to exchange agricultural information and 9% to exchange nutrition information. Using dyadic regressions, we analyze who is likely to form such links with each other (Table 2) . First, we find that centrality in terms of spatial and social position matters for link formation in both communication networks: i is more likely to form a link with j, if their agricultural plots are next to each other or if j is a leader. Other proximity variables are relevant in particular for the exchange of nutrition information: nutrition links are more likely to be formed between kin and group members of the same gender, and in particular between women. These results confirm that the transfer of nutrition information between men and women cannot be taken for granted, which is an important insight for the design of nutritionsensitive extension programs.
Our results further confirm that trust and social capital in general are conducive to link formation.
Group members who connect with a larger external network and who trust others are more likely to form a link within their farmer group to exchange agricultural and nutrition information. Moreover, nutrition links are more likely to be formed between more educated persons. These findings may cause concern about the inclusiveness of information networks within farmer groups, which may exclude the least connected and least educated members from information exchange. However, our results show that differences in external links and, in the case of nutrition, differences in education have significantly positive effects on link formation, indicating that information does also reach group members with lower education and less external connections.
In sum, we have seen that agricultural information flows widely and relatively unrestricted in the studied farmer groups, even though spatial proximity and social position do play a role for link formation. Nutrition information, which is exchanged to a much smaller extent and mostly flows through existing agricultural information links, relies on somewhat more exclusive channels. In particular, nutrition links are formed between kin, same gender (especially women), and more educated persons. When relying on the existing agricultural extension system to design nutritionsensitive programs, these differences in network structure and characteristics need to be taken into account. Notes: Coefficients and standard errors from grouped dyadic regression (LPM); data grouped on CBO level; standard errors (in brackets) clustered by dyads. Asterisks *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
Results on individual level
Characteristics of central persons
At Poisson regression results show that across centrality measures and in both networks, group leadership is positively associated with being identified as a central person (Table 3 ). In the agricultural network, older members tend to be more central in terms of both prominence and influence, whereas members in spatially central locations tend to be more prominent, i.e., more often named by others. Accordingly, central persons are usually the ones in important social and spatial positions, which is in line with our earlier findings at the dyadic level. Regarding gender, we find that men are more often named in the agricultural network. In the nutrition network, the gender dummy has a negative sign indicating that women tend to be named more often, but it is not statistically significant. Finally, in both networks the number of external links is positively associated with the out-degree suggesting that the overall network size is an important determinant of being influential within the CBO. 
N H =815
Notes: Clustered standard errors at CBO level in parentheses. Asterisks *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
Characteristics of isolated persons for NUTRITION
Finally, we focus on isolated persons that have no links in the nutrition network and are therefore at risk of being excluded from the diffusion of nutrition information within the CBO. As identified in the CBO-level analysis, these represent 16% of respondents. Results in Table 4 show that group leaders and members with a larger external network are less likely to be isolates. Also, larger farmers are less likely to be excluded from nutrition information within the CBO. Several group characteristics also contribute to explaining the prevalence of isolated persons within the nutrition communication networks of the CBOs. Isolates are less likely found in older groups (who most likely have built stronger social capital over time), smaller groups, female-dominated groups and groups with a main focus on agriculture. Notes: Clustered standard errors at CBO level in parentheses. Asterisks *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
Conclusions
In the recent development discourse, much emphasis has been placed on making agriculture more nutrition-sensitive as an important component in combating hunger and malnutrition among rural households in developing countries. In order to achieve this at scale, nutrition information could be diffused to farm households organized in CBOs through the existing agricultural extension systems. Our results show that compared to agricultural information networks, nutrition information networks are sparse. Nutrition-related information is exchanged within CBOs, but only to a very limited extent. This implies that there is ample room for nutrition training to sensitize group members, nudge information exchange on nutrition-related topics, and thereby make agriculture more nutrition-sensitive. It is noteworthy that nutrition information is exchanged mostly through the existing agricultural information links. Hence, channeling nutrition information through agricultural extension systems may indeed be a viable approach. Our findings further suggest that group leaders and persons living in central locations are important drivers in the diffusion of information in both networks and may thus serve as suitable entry points for nutrition-sensitive extension programs.
While these results are promising, heterogeneity in network structure and characteristics must not be ignored when relying on the existing agricultural extension system to design nutrition-sensitive programs. While agricultural information flows widely and relatively unrestricted in CBOs, nutrition information relies on somewhat more exclusive channels. In particular, nutrition links are formed between kin, same gender (especially women), and more educated persons. Based on our results it cannot be taken for granted that nutrition information is exchanged frequently between women and men. Therefore, targeting women and men alike with nutrition training is critical for making agriculture more nutrition-sensitive. Providing a combination of agricultural and nutrition trainings to mixed-gender groups through the extension system could be a suitable way to achieve this.
Furthermore, nutrition information networks are characterized by isolates, implying that some group members are completely excluded from nutrition information exchange within their CBO. This is particularly worrisome, as it affects mostly smaller farmers and individuals who are also less well connected outside their group. In line with Caria & Fafchamps (2015) , we therefore suggest encouraging the formation of links with less popular people in order to enhance network efficiency.
Nutrition information networks seem to be more inclusive in older and smaller groups (who are likely to have stronger and more cohesive social capital), as well as in groups with a larger share of women and a main focus on agriculture. In such groups, nutrition information channeled through agricultural extension may diffuse naturally without requiring extra efforts. On the other hand, in larger, recently founded, and mixed-gender groups particular efforts may be needed to ensure the inclusiveness of nutrition information and thus maximize the outreach of nutrition-sensitive extension programs. Notes: Coefficients and standard errors from grouped dyadic logit regression; data grouped on CBO level; standard errors (in brackets) clustered by dyads. Asterisks *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively. Notes: Clustered standard errors at CBO level in parentheses. Asterisks *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively.
